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Abstract Drought frequency and intensity is expected to increase in many regions worldwide, and water
shortages could become more extreme, even in humid temperate climates. To protect the environment and
secure water supplies, water abstractions for irrigation can be mandatorily reduced by environmental
regulators. Such abstraction restrictions can result in economic impacts on irrigated agriculture. This study
provides a novel approach for the probabilistic risk assessment of potential future economic losses in
irrigated agriculture arising from the interaction of climate change and regulatory drought management,
with an application to England and Wales. Hydrometeorological variability is considered within a synthetic
data set of daily rainfall and river ﬂows for a baseline period (1977–2004) and for projections for near
future (2022–2049) and far future (2072–2099). The probability, magnitude, and timing of abstraction
restrictions are derived by applying rainfall and river ﬂow triggers in 129 catchments. The risk of
economic losses at the catchment level is then obtained from the occurrences of abstraction restrictions
combined with spatially distributed crop‐speciﬁc economic losses. Results show that restrictions will become
more severe, more frequent, and longer in the future. The highest economic risks are projected where
drought‐sensitive crops with a high ﬁnancial value are concentrated in catchments with increasingly
uncertain water supply. This research highlights the signiﬁcant economic losses associated with mandatory
drought restrictions experienced by the agricultural sector and supports the need for environmental
regulators and irrigators to collaboratively manage scarce water resources to balance environmental and
economic considerations.
Plain Language Summary Droughts are expected to become more common in many regions
worldwide due to climate change. During droughts events, environmental regulators can impose water
abstraction restrictions for irrigation to protect drinking water supplies and meet the minimum water
requirements for the natural environment. This study provides a novel approach to evaluate the risk of
economic losses in irrigated agriculture due to water abstraction restrictions implemented during current
and future drought conditions under climate change, using England and Wales as a case study. A data set of
modeled daily rainfall and river ﬂow for a baseline period (1977–2004) and for near future (2022–2049)
and far future (2072–2099) is used. Decisions regarding when to implement restrictions in 129 catchments
are made considering a set of rainfall and river ﬂow thresholds, with the associated economic losses
calculated by crop type. Results show that in the future water abstraction restrictions for irrigation will
become more severe, more frequent, and longer. The highest economic losses will affect the most
drought‐sensitive crops, which are located in water stressed catchments and have a high ﬁnancial value in
the food market. This research highlights the importance of a collaborative work between environmental
regulators and irrigators to manage scarce water resources and balance environmental and economic
considerations under drought.
1. Introduction
Global aridity and drought‐affected regions have increased substantially since the middle of the twentieth
century (Dai, 2011; Dai & Zhao, 2017), with climate projections suggesting future increases in drought
frequency and severity in Europe (Lehner et al., 2017; Spinoni et al., 2017). Wanders et al. (2015) showed
the proportion of Europe with higher future drought frequency and greater drought severity to be 55–85%
and 30–35%, respectively, by the end of the 21st century. Such increases in drought frequency and severity
©2019. The Authors.
This is an open access article under the
terms of the Creative Commons
Attribution License, which permits use,
distribution and reproduction in any





• A novel probabilistic approach of the
risk of economic losses in irrigated
agriculture due to climate change
and drought management is shown
• Future water restrictions on
irrigation in England and Wales are
projected to increase in duration,
severity, and frequency
• Hydroclimatic variability, drought
management, and the distribution
and sensitivity of crops to water
stress shape the economic impacts
Supporting Information:





Salmoral, G., Rey, D., Rudd, A., de
Margon, P., & Holman, I. (2019). A
probabilistic risk assessment of the
national economic impacts of
regulatory drought management on
irrigated agriculture. Earth's Future, 7,
178–196. https://doi.org/10.1029/
2018EF001092
Received 8 NOV 2018
Accepted 30 JAN 2019
Accepted article online 3 FEB 2019
Published online 27 FEB 2019
SALMORAL ET AL. 178
are likely to cause signiﬁcant impacts and associated economic damages to many sectors of the economy,
with agriculture expected to be one of the most adversely affected due to its drought sensitivity (Thi Tran
et al., 2016).
Many previous studies have evaluated the impacts of drought on crop yields for rainfed (e.g., Popova et al.,
2014; Potopová et al., 2016) and irrigated (e.g., Daryanto et al., 2016, 2017; Sweet et al., 2017; Trnka et al.,
2016) systems. This has also extended into the economic impacts of drought usingmarket prices and produc-
tion functions at the basin scale (e.g., Kirby et al., 2014), input‐output analysis (e.g., Pérez y Pérez & Barreiro‐
Hurle, 2009), Ricardian cross‐sectional analysis of net revenues, and computable general equilibrium
models to capture economy‐wide and global‐scale changes of climate change (Mendelsohn & Dinar,
2009). Econometric studies (Gil et al., 2011, 2013) and optimization models (Ward, 2014) have been used
to estimate the economic value of irrigated production and farmers' income, with integrated biophysical‐
agroeconomic models used to simulate crop physiology under drought (Holden & Shiferaw, 2004; Logar &
van den Bergh, 2013). Coupled hydroeconomic modeling has also been applied to optimize farm proﬁt
(Maneta et al., 2009) and as decision support systems in water resources planning to evaluate the economic
impacts of water supply failures (e.g., Martínez‐Paz et al., 2016; Ward & Pulido‐Velazquez, 2012). Logar and
van den Bergh (2013) reviewed available methods for assessing both drought damage costs and costs arising
from adopting policy measures. However, studies that consider uncertainties due to natural hydrometeoro-
logical conditions in the evaluation of the economic impacts on agriculture are still needed.
A range of approaches using stochastic programming have been employed to allow for hydrometeorological
variability within the assessment of the economic impacts of drought on irrigated agriculture. These
have been limited to using probabilistic distributions of historical conditions to generate a series of weather
and water supply (e.g., Torres et al., 2016), randomly generated synthetic data series of future weather (e.g.,
Rowan et al., 2011), and autoregressive time series of historical conditions to forecast water inﬂows (e.g.,
Lopez‐Nicolas et al., 2017), with a focus on single farms (e.g., Rowan et al., 2011) and single river basins
(e.g., Lopez‐Nicolas et al., 2017; Rowan et al., 2011; Torres et al., 2016). There remains a gap for using
national‐scale dynamically downscaled climate scenarios to capture the spatiotemporal distributed hydrocli-
mate variability and the related economic losses in irrigated agriculture following a probabilistic risk‐
based approach.
Furthermore, all of the aforementioned studies have only addressed the impacts of drought on crop yield and
have ignored the important economic impacts arising from reduced crop quality. In contrast to arid and
semiarid regions, where crop production is dependent on irrigation, supplemental irrigation in humid tem-
perate climates is used to optimize production (Kresović et al., 2016) and increase quality for high‐value
crops, including horticulture and soft fruit (Knox et al., 2000; Morris et al., 2014). As a result, having access
to insufﬁcient irrigation water in a drought can have signiﬁcant economic impacts in humid temperate
countries. In England and Wales, the resultant on‐farm ﬁnancial losses for a design dry year during the
irrigation period from April to September were estimated at £660 million (Rey et al., 2016), with the related
economic losses due to crop yield and quality varying by crop drought sensitivity and by crop growth stages
(Daryanto et al., 2017; Morris et al., 1997).
The economic impacts of drought on irrigated agriculture ultimately arise from the timing and severity of the
lack of rainfall and irrigation water. While annual and interannual water availability is constrained by the
weather, regulatory drought management to restrict irrigation abstraction, in order to protect public water
supply and the aquatic environment, can play a key role in determining the economic impacts on the agri-
cultural sector. During drought events, restrictions may be put in place to reduce water use and abstractions,
as occurred in 2014 in California (Legislative Analyst's Ofﬁce, 2016) and in Cape Town in 2017 (Luker &
Rodina, 2017). In the United Kingdom, Section 57 of the Water Resources Act (Parliament of the United
Kingdom, 1991) allows the Environment Agency to impose emergency restrictions on surface water abstrac-
tions for irrigation during droughts. Those restrictions can partially limit surface water abstractions or, in
case of severe drought, totally ban them (Environment Agency, 2015). Consequently, the timing, duration,
and severity of water abstraction restrictions need to be considered in combination with crop sensitivity to
drought when evaluating the actual economic impacts on irrigated agriculture.
This paper therefore aims to provide an approach for the probabilistic risk assessment of the current and
future economic impacts from catchment to national scale of water abstraction restrictions on irrigated
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agriculture due to regulatory drought management and considering current and future hydrometeorological
variability, with England andWales used as a case study for the ﬁrst national‐scale assessment. The probabil-
ity and economic impacts of mandatory abstraction restrictions under uncertain climatic conditions
are evaluated using a baseline scenario (1977–2004) and two climate change scenarios: near future
(2022–2049) and far future (2072–2099). Two methodological innovations for a probabilistic risk‐based eco-
nomic assessment in irrigated agriculture are presented. First, it applies current environmental regulatory
triggers to daily catchment‐scale rainfall from dynamically downscaled and bias‐corrected climate projec-
tions (Guillod et al., 2017; Guillod et al., 2018) and simulated river ﬂow from a national‐scale hydrological
model (Bell et al., 2009), to obtain the current and future timing, frequency, severity, and duration of abstrac-
tion restrictions. Second, a probabilistic risk‐based analysis of economic losses in irrigated agriculture from
catchment to national scale is performed through applying crop‐speciﬁc loss functions to a national spatial
data set of irrigated cropping (Rey et al., 2016) according to the timing, duration, and severity of the restric-
tions. The study develops and demonstrates an approach to evaluate the economic implications of water
restrictions during drought conditions, which can be applied elsewhere to support environmental regulators
and farmers toward making informed decisions based on the economic risks associated with water
abstraction restrictions.
2. Materials and Methods
The approach has two main components to evaluate the implications of regulatory drought management on
water abstraction restrictions in a context of hydrometeorological variability and the resultant direct eco-
nomic impacts on irrigated agriculture. First, an evaluation of the frequency, duration, timing, and severity
of abstraction restrictions implemented by environmental regulators during drought is performed through
application of rainfall and river ﬂow triggers to large data sets of potential current and future hydrometeor-
ological variability for three periods: baseline (1977–2004) and two future periods (near future, 2022–2049,
and far future, 2072–2099; Figure 1). Second, loss functions describing crop‐speciﬁc sensitivity to abstraction
restrictions (i.e., impact on crop yield and crop quality) and data on the distribution of irrigated crops and
surface water irrigation are used to perform a probabilistic risk analysis of the economic losses due to the
implemented water abstraction restrictions.
2.1. Synthetic Hydrometeorological Ensemble Members
Current and future potential daily rainfall and river ﬂows are required to determine when restrictions on
irrigation abstraction might be implemented. The hydrometeorological data set used in this study was pro-
duced within the MaRIUS project (http://www.mariusdroughtproject.org/; Managing the Risks, Impacts
and Uncertainties of droughts and water Scarcity), using the weather@home2 modeling framework
(Guillod et al., 2017; Massey et al., 2015), in which the HadAM3P atmosphere‐global climate model is dyna-
mically downscaled by the HadRM3P regional climate model. Accounting for uncertainty through applica-
tion of small perturbations to the temperature ﬁeld in the initial conditions (Massey et al., 2015) and
sampling from the CMIP5 uncertainty range in sea surface temperature and sea ice extent allowed a large
number (100) of spatial‐temporally consistent ensemble members to be generated for the recent past and
for the future (Guillod et al., 2018). The data set by Guillod et al. (2018) provides synthetic daily weather time
series for the United Kingdom at a 25‐km× 25‐km resolution. The baseline (1977–2004) data set provides 100
simulated climate ensemble members that could have occurred in the past, while the near future (2022–
2049) and far future (2072–2099) represent climate time series that might occur in the future under the
Representative Concentration Pathway 8.5 (RCP8.5) emissions scenario. This weather@home2 data set
has been previously successfully applied for risk analysis in water resources planning in the Thames basin
(Borgomeo et al., 2018).
The weather@home2 climate ensemble (Guillod et al., 2018) has been used to drive the national Grid‐to‐
Grid (G2G) hydrological model (Bell et al., 2009) to provide simulated daily river ﬂows for the baseline,
near future, and far future periods (Bell, Kay, et al., 2018; Bell, Rudd, et al., 2018). For each period, 100
simulations of daily mean river ﬂow for each of 129 catchments across England and Wales have been
used in this study. The G2G is a national‐scale gridded (1 km × 1 km) hydrological model which uses
spatial data sets (e.g., soil type and land cover) in preference to parameter identiﬁcation via calibration.
Where model parameters are required, such as the kinematic wave speeds used in lateral routing,
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nationally applicable values are used, thus, calibration has not been used to identify separate model
parameters for individual catchments. The model does not currently include the effect of artiﬁcial
inﬂuences such as abstractions and discharges; it therefore estimates daily mean natural ﬂows. G2G
requires as input the time series of precipitation and potential evaporation. For this study, bias‐
corrected precipitation is used and for the future periods the potential evaporation is adjusted to allow
for closure of stomata under increased carbon dioxide concentrations. The optional snow module (Bell
et al., 2016) is not used here; thus, precipitation input to G2G is assumed to be rain. Although this
needs to be borne in mind, its effect on drought is likely to be limited. G2G has been shown to
perform well for a wide variety of catchments across Britain (Bell et al., 2009) and has recently been
shown to perform well speciﬁcally for low ﬂows and for historical drought identiﬁcation (Rudd et al.,
2017). The weather@home2 hydrological data set has been used to analyze potential future changes in
low ﬂows and drought characteristics (Kay et al., 2018).
2.2. Frequency, Duration, Timing, and Severity of Irrigation Abstraction Restrictions
Due to their focus on protecting river ecology during drought, only abstractions for direct spray irrigation
from surface water are susceptible to be restricted by the Environment Agency because (1) groundwater
and tidal sources are not restricted unless there is evidence that abstraction is negatively affecting river
ﬂows and (2) abstraction for reservoir‐ﬁlling and antifrost irrigation take place during winter months
when restrictions are very rarely imposed and thus not considered in our analysis. A threshold level
method based on river ﬂow and rainfall conditions is used by the Environment Agency to trigger the deci-
sion to impose abstraction restrictions on surface water. However, similar to drought identiﬁcation (Rudd
et al., 2017; Tijdeman et al., 2018), there is no standard national way of deﬁning these thresholds. We
have therefore reviewed the regional drought management plans (Environment Agency, 2012a, 2012b,
2012c, 2012d, 2012e, 2012f, 2015) and derived a representative set of rules to impose, change the severity
(i.e., level), and remove surface water abstraction restrictions during the irrigation season between April
and September, inclusive. The method captures the consequence of multiyear droughts on the continuous
river ﬂow simulations and therefore the imposition of restrictions. The triggers used include (1) the pro-
portion of long‐term average (LTA) catchment rainfall over a rolling previous 90 days, (2) the daily river
ﬂow for each month within the baseline period with a probability of exceedance of 95%, 98% and 99%
(i.e., Q95, Q98, and Q99, respectively), and (3) the undeﬁned “little or no rainfall forecast” (rainforecast;
Rio et al., 2018). Following a sensitivity analysis of different accumulated rainfall depths (supporting
information Table S1 and Figures S2 and S3) and individual discussions with water resources planners
from the Environment Agency, rainforecast is deﬁned as a ﬁxed value of 15 mm of accumulated rainfall
in the following 5 days.
The speciﬁc set of rules using the triggers of LTA,monthlyQ95,Q98, andQ99 and rainforecast are applied on a
daily basis to the daily rainfall (from the synthetic data set) and simulated river ﬂow (Qday; from the G2G
Figure 1. Schematic of the developed approach.
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model) to identify potential drought conditions and implement surface water restrictions under drought.
The speciﬁc set of rules is explained in detail in the supporting information (section 1 and Figure S1) and
is summarized below:
• A catchment is identiﬁed as being in a potential drought when the daily cumulated rainfall over a rolling
previous 90 days is <65% of the LTA catchment rainfall across all ensemble members. If there is a poten-
tial drought by the end of June, the potential drought condition is assigned for the remaining months in
the summer, because the rainfall from winter to spring is used to deﬁne the potential drought state in
summer;
• If Qday < Q95 for the given month and there is no signiﬁcant rainforecast, a catchment is then identiﬁed as
being under drought conditions and irrigators are requested to apply voluntary restrictions for a maxi-
mum of 2 weeks to help reduce the likelihood of subsequent mandatory restrictions. Given that these
restrictions are not mandatory and depend on irrigators' decisions, any resultant reduction in surface
water abstraction volumes and the related economic losses are not assessed in this study;
• If after the 2‐week period of voluntary restrictions Q98 < Qday < Q95, level 1 formal restrictions (i.e., 50%
reduction) are implemented in surface water abstraction volumes for that month. Level 1 restrictions are
removed when Qday ≥ Q95.
• If for two consecutive days Q99 < Qday < Q98, level 2 formal restrictions (70% mandatory reduction) are
implemented. When Qday recovers, level 2 restrictions can be lowered to level 1 (Q98 < Qday < Q95) or be
removed (Qday ≥ Q95).
• If for two consecutive days Qday < Q99, level 3 formal restrictions (100% mandatory reduction) are imple-
mented in surface water abstraction volumes. When Qday recovers, level 3 restrictions can be lowered to
level 2 (Q99 < Qday < Q98) or level 1 (Q98 < Qday < Q95) or be removed (Qday ≥ Q95).
Voluntary and level 1 restrictions are not a prerequisite for level 2 and level 3 because formal restrictions can
be enforced due to the existing low ﬂow conditions. Level 3 restrictions can also be enforced without level 1
and 2 restrictions having been in place. By applying the restriction triggers to the daily rainfall and river ﬂow
data sets per catchment, the days under restriction are identiﬁed by timing (i.e., month and year), duration,
and level of restriction in each standalone ensemble member and period.
2.3. Assessment of the Economic Losses in Irrigated Agriculture
The direct economic impacts of the restrictions on irrigated agriculture will differ depending on the crop type
(i.e., drought sensitivity and crop economic value), the proportion of irrigation abstraction from surface
water, and the timing of surface water abstraction restrictions and their severity.
First, the spatial distribution of irrigated crops at a 2‐km × 2‐km grid resolution from Rey et al. (2016) was
used, for eight representative irrigated crop categories: early potatoes, maincrop potatoes, cereals, sugar beet,
vegetables, soft fruit, orchard fruit, and grass. This is currently the only available data set on the spatial dis-
tribution of irrigated crops in England andWales. Second, the proportion of the total licensed volume for all
irrigation purposes (direct, storage, and antifrost) that is licensed for direct (spring‐autumn) abstraction from
surface water was calculated for each catchment (Figure S4 in the supporting information) using the most
recent available abstraction license data (2014 in England and 2016 in Wales). This catchment‐speciﬁc sur-
face water ratio is applied to the spatial distribution of irrigated crops to identify those irrigated areas suscep-
tible to economic losses caused by surface water restrictions. Third, the on‐farm economic losses due to
irrigation restrictions, based on losses of yield and quality assurance beneﬁts, are estimated for each crop
category (pounds per hectare, using national average prices for each crop over the past three drought epi-
sodes in the United Kingdom; 2003, 2004–2006, and 2010–2012) building on the methodology developed
by Morris et al. (1997) and updated by Rey et al. (2016). It is assumed that there is a linear and positive rela-
tionship between the level of restriction in a given month (and, by inference, reduction in irrigation applica-
tion) and monthly economic damages, up to a maximum value represented by the total cessation damages
from Morris et al. (1997; updated in Rey et al., 2016) representing level 3 restrictions. As the monthly
damages in Morris et al. (1997) are associated with restrictions being imposed for the whole of each month,
we assumed that economic losses in a given month are proportional to the number of days under restriction
in the month. Finally, the total monthly and annual economic losses due to all levels of mandatory surface
water abstraction restrictions under drought management are calculated, by catchment and crop for each of
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the 100 ensemble members and for each period, to derive the changing probabilistic risk of damages in space
and time.
3. Results
3.1. Probability of Surface Water Abstraction Restrictions
Figure 2 shows the national annual probability density function of restriction length and severity for the
three time periods. Looking only at restrictions with high values of exceedance probability, the annual
length of restrictions increases from level 1 (i.e., 50% reduction in abstraction) to level 3 (100% reduction).
For example, for a 0.1 exceedance probability of a single catchment anywhere in the country being under
restriction in the baseline, the duration increases from 13 days to 17 to 31 days under levels 1, 2, and 3,
respectively (Figure 2). In the future, there are generally a greater number of days under restriction. The lar-
gest changes are projected to occur in the far future when the 0.1 annual exceedance probability of level 3
restrictions is projected to be 84 days (Figure 2).
However, the probability of restrictions being imposed is not spatially uniform across England andWales. At
the catchment level and for the baseline, the annual probability of a mandatory restriction (i.e., any severity
level of more than 1‐day) being implemented is everywhere less than 0.3, with most catchments in the south
and east of England having an annual probability of less the 0.2 (or 1 in 5 years). The slightly higher prob-
abilities in the north and west reﬂect the generally lower buffering of river ﬂows by groundwater. The future
annual probability of restrictions increases over time across England and Wales, mostly in the central and
southern catchments, with annual probabilities in the far future between 0.6 and 0.78 for all
catchments (Figure 3).
The probability of restrictions also differs in the timing of implementation, which inﬂuences their agricul-
tural impacts. Focusing on longer restrictions (rather than restrictions of any duration as in Figure 3),
Figure 4 shows how the differences in probability for month‐long (30‐day) restrictions vary across months,
catchments, and time periods. In the baseline, monthly probabilities of such long restrictions generally
Figure 2. Probability density function of the annual days under restriction for all catchments under study by severity level and period. Only events that incur
restriction are considered (i.e., when a restriction does not occur, it is not considered in the probability). The dashed red line indicates the number of days under
restriction with a 0.1 probability of exceedance.
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Figure 3. Annual probability of a mandatory restriction (without distinction of the severity) of any length being implemented by catchment and time period.
Figure 4. Probability of implementing month‐long (30‐day) restrictions for each period, without differentiating the severity of the restrictions.
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increase through the spring and summer in the south and east, peaking in August and rapidly reducing in
September, with ﬁve catchments having a probability of greater than 0.3 during August. In the near
future, there are small increases in probability but little change in the spatial extent of catchments with a
probability greater than 0.1. In contrast, the probability of month‐long restrictions increases signiﬁcantly
and in spatial extent in all months in the far future (especially from May to September).
3.2. Severity and Total Duration of Restrictions Under Current and Future Climate Variability
The previous section has highlighted the uneven probabilities of implementing abstraction restrictions
across England and Wales due to hydrometeorological variability. In this section, we use the 90th percen-
tile dry year, deﬁned as the year with a 10% probability of nonexceedance of annual rainfall, for each
Figure 5. Severity of the average annual days under restriction for the 90th dry year of each ensemble member by period and catchment. Only events that incur
restrictions are considered.
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catchment and ensemble member to evaluate the severity and total duration of restrictions in all
catchments (Figure 5). In the baseline, average annual durations are typically less than 30 days (with
the exception of 10 catchments (out of 129) under level 3 restrictions) and there is no clear pattern. In
the future projections, more severe and longer periods under restriction are expected for the 90th
percentile dry year in each catchment. The far (near) future reaches a total of 86 (34) catchments with
level 3 restrictions longer than one month. Catchments with seasonal total restrictions of more than
30 days become widespread throughout much of England and Wales in the far future, indicating that
future dry years will be associated with far more extensive and severe restrictions.
Two contrasting catchments are selected to show how the cumulative distribution function (CDF) of
annual days under the different restriction levels differ between a runoff‐dominated catchment (72002,
Wyre at St Michaels) in the wetter northwest of England and a groundwater dominated catchment
(33035, Ely Ouse at Denver Complex) in the drier east of England (Figure 6). The mean annual rainfall
in the northern catchment for the 90th percentile dry year of each ensemble member is 1,206, 1,195,
and 1,172 mm in the baseline, near future, and far future, respectively. For the eastern catchment, the
equivalent totals are 451 mm (baseline), 438 mm (near future), and 419 mm (far future). Looking at all
time periods and restriction severity levels, the catchment located in the east tends to have a lower non-
exceedance probability for a given total days under restriction, with this catchment being more likely to
be under restriction and for longer periods. However, the northern runoff‐dominated catchment in the
wetter area is more likely to be under short‐duration level 2 and 3 restrictions due to the lack of ground-
water buffering (Figure S4). The future climate projections under the same regulatory drought manage-
ment rules will generally lead to longer periods of more severe water abstraction restrictions but with
Figure 6. Cumulative distribution function (CDF) of annual days under restriction for two selected catchments (Wyre and Ely Ouse Rivers). Uncertainty of the
standalone 100 ensemble member is shown with the small dots (envelope) in the graphs, while the line refers to the CDF of all 100 ensemble members. The
graphs include all years under study, even those when restrictions have not been implemented.
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wider ranges of annual days under restriction due to the considerable natural climate uncertainty within
the synthetic 100 ensemble members.
3.3. Economic Losses Linked to Water Abstraction Restrictions
The economic impacts from the catchment‐speciﬁc abstraction restrictions on irrigated agriculture depend
on the irrigated areas, crop sensitivity to drought, and the proportion of the area supplied by direct surface
water abstraction. The catchments under study have an estimated total irrigated area of 68,150 ha, of which
30,920 ha are considered to be susceptible to surface water abstraction restrictions after applying the surface
water ratio (section 2.3). Most of the irrigated areas are in the east of England (the Anglian and
Humber River Basin Districts [RBD] identiﬁed for the Water Framework Directive contain 55% and 19%
of the total irrigated area, respectively) with smaller areas in eastern Wales and central and southern
England (Figures S5 and S6).
Figure 7 shows the CDF of national annual on‐farm economic losses due to all surface water restrictions by
time period. For the baseline, there is a 0.4 probability across the country of there being no aggregate eco-
nomic losses due to the drought management restrictions, while the 90th percentile probability of nonexcee-
dance of total annual economic losses is £29M, although this ranges from £4 to £155M across the 100
ensemble members. These relatively low damages result from the limited (subnational) spatial extent of
most droughts, the resilience of surface water ﬂows within the main irrigated areas in eastern England
due to high groundwater contributions to river ﬂow, and the systemic resilience represented by rules that
aim to avoid mandatory abstraction restrictions in all but extreme low ﬂow conditions during drought.
However, in more extreme droughts, annual economic losses can exceed £250M.
Under the climate change projections, the nonexceedance probability of no damages reduces from 40% to
19% and 4% in the near future and far future, respectively, indicating that some degree of economic losses
will become the norm in most years (Figure 7). The 90th percentile of the CDF for total annual economic
losses will increase from £29M to £111M (£22 to 227M uncertainty envelope) in the near future and
£226M (£124 to 258M uncertainty envelope) in the far future. The similar maximum annual economic loss
between all time periods ~£260M) arises as the single most severe drought year in the 2,800 baseline years, is
similar to that under climate change (albeit that such events with very low rainfall and river ﬂow values will
have a higher frequency in the future), demonstrating the signiﬁcance of natural climate variability in
determining damages.
The spatial distribution of the projected 90th percentile annual economic losses is shown in Figure 8. Four
catchments within the Severn, Thames, and Humber RBDs have estimated on‐farm losses of greater than
£1M, which are characterized by relatively large areas under irrigation (i.e., more than 470 ha per catch-
ment) and a large proportion of high‐value crops such as soft fruit, maincrop potatoes and/or vegetables
(Table S2 and Figure S5). In the near future and far future, damages in these catchments increase to >
£4M. However, the catchment with the largest losses in the near future (£28.6M) and far future (£39.4M)
is located within the Anglian RBD, where restrictions increase signiﬁcantly in duration and severity
(Figures 4 and 5). This catchment has the largest irrigated area (11,460 ha), consisting of 36%maincrop pota-
toes, 26% cereals, and 22% vegetables.
The range of economic losses is inﬂuenced by the sensitivity of crops to water scarce conditions in terms of
the proportional yield and quality premium losses, their price in the market, and the existing climatic
conditions where crops are distributed, which inﬂuences the shape of the CDF by crop and time period
(Figure S7). The magnitude of economic losses is largest for soft fruit, followed by orchard fruit, maincrop
potatoes, and vegetables. In the baseline, for a 90th percentile nonexceedance probability, the largest average
economic losses across the catchments are for soft fruit (£32,935/ha), followed by orchard fruit (£3,820/ha),
maincrop potatoes (£2,835/ha), and vegetables (£2,290/ha). Average losses for sugar beet, early potatoes,
cereals, and grass are generally low. However, there is signiﬁcant variability within the 100 individual
ensemble member with the 90th percentile economic losses reaching values of £54,225/ha in soft fruit,
£4,515/ha in orchard fruit, £4,235/ha in maincrop potatoes, and £3,735/ha in vegetables (Figure S7).
Between time periods, there is also a signiﬁcant increase in economic losses by crop. In the far (near)
future the 90th percentile economic losses average £52,320/ha (£44,940/ha) for soft fruit, £4,500/ha
(£4,295/ha) for orchard fruit, £4,070/ha (£3,730ha) for maincrop potatoes, and £3,620/ha (£3,070/ha) for
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vegetables (Figure S7). In the future the slope of the CDFs becomes less pronounced due to the more severe
and longer restrictions. Ultimately these losses arise from both crop yield and crop quality losses (Figures S8
and S9), but the losses due to crop quality are dominant in soft fruit (Figure 9).
4. Discussion
4.1. A Probabilistic Risk‐Based Approach to Evaluate Economic Losses in Irrigated Agriculture
The Climate Change Act requires the U.K. Government to compile its assessment of the risks and opportu-
nities arising for the United Kingdom from climate change every 5 years.While themost recent U.K. Climate
Change Risk Assessment recognizes the “Risks of shortages in the public water supply, and for agriculture,
energy generation and industry” and “Risks to domestic and international food production and trade” as two
Figure 7. Cumulative distribution function (CDF) of annual economic losses (£) by time period under study. Uncertainty
of the standalone 100 ensemble member is shown with the small dots (envelope) in the graphs, while the larger dots
(line) refer to the CDF of all 100 ensemble members. The graphs include all years under study, even those when any
restriction has not been imposed.
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of the six top areas of interrelated climate change risks for the United Kingdom, the associated probabilities
to those risks are not included (Committee on Climate Change, 2016). In general, existing national climate
risk assessments that consider drought‐relevant risk metrics only explore a small number of future emission
scenarios, such changes in soil moisture (United States; Wehner et al., 2017), water resource availability
(United Kingdom; HR Wallingford, 2015), or agricultural land suitability (United Kingdom; ECI et al.,
2013; Keay et al., 2013), but lack a description of the full range of probabilities and the related economic
impacts. Dealing with low‐probability and high‐consequence outcomes (i.e., the tails of probability distribu-
tions) has also been identiﬁed as a challenge for climate risk quantiﬁcation (Weaver et al., 2017). With prob-
abilistic models, a large number of synthetic events can be reproduced providing a more complete picture of
the full spectrum of future risks than with historical data (United Nations Ofﬁce for Disaster Risk Reduction,
2015). Our approach goes beyond the state of the art by capturing spatially at a national scale the
Figure 8. (top) The 90th percentile of the annual economic losses (£) by period and catchment for all 100 ensemble mem-
bers. (bottom) The 90th percentile of annual economic losses (million pounds) by river basin district and crop classiﬁca-
tion in the far future.
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probabilistic risk‐based economic losses in irrigated agriculture due to water abstraction restrictions under
drought conditions, using dynamically downscaled climate scenarios to derive river ﬂow conditions. Our
approach overcomes the limitations of previous studies by using probability envelopes, which embrace
extremes events and includes a fuller range of climate variability, as previously suggested from a disaster risk
management perspective (De Perez et al., 2014). Furthermore, the probabilistic risk‐based assessment of eco-
nomic losses in irrigated agriculture can complement the current U.K. national assessment of climate risks
(Dawson et al., 2018), where irrigation is not currently considered as an infrastructure asset under risk.
4.2. Economic Impacts on Irrigated Agriculture Under Drought
By applying current river ﬂow thresholds available from drought management plans, this study has identi-
ﬁed the location and evaluated the expected economic losses due to restrictions on direct surface water
abstraction for irrigation, under current and future climatic variability. The current estimated annual on‐
Figure 9. Cumulative distribution function (CDF) of the average economic losses per catchment in pounds per hectare related to crop yield (left) and crop quality
(right) reductions for two selected crops (maincrop potatoes and soft fruit) and by period. The graphs only include years when any restriction has been imposed.
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farm economic damages in England and Wales are signiﬁcant under extreme drought conditions (reaching
£260M) and unevenly distributed in space and by crop type (Figures 9 and S7). These damages in the irri-
gated subsector in England andWales are comparable with those from other drier countries with signiﬁcant
agricultural production; for example with the €710M losses in the arable sector in Spain during the extreme
2003 drought and heatwave (COPA‐COGECA, 2003) or the $810M crop revenue losses in the 2014 California
drought (Howitt et al., 2014).
The signiﬁcance of the economic damages from surface water abstraction restrictions in irrigated agriculture
can be put into a wider economic context by comparing with estimates of damages resulting from restrictions
in public water supply and from ﬂooding. For example, ThamesWater Utilities Limited, who supply a popu-
lation of nine million inhabitants across London and the Thames Valley, estimates that a Temporary
Use Ban (commonly known as a “hosepipe ban”) that takes place 1 year in 20 on average causes daily eco-
nomic losses of £6.8M (ThamesWater, 2015). The losses associated with such a 1‐month Temporary Use Ban
(~£204M with a 5% probability of exceedance) are equivalent to our total economic damages in irrigated
agriculture for England and Wales with a 0.5% (0–4% uncertainty envelope) probability exceedance in the
baseline (Figure 7). The economic losses can also be compared with the damages caused by the most fre-
quent extreme climatic event in England, ﬂooding. During the 2013–2014 winter, the United Kingdom
experienced widespread ﬂooding from an extreme storm surge, a series of intense storms, and the cumula-
tive effects of heavy and persistent rainfall (Huntingford et al., 2014; Thorne, 2014). However, while the
ﬂoods affected around 45,000 ha of agricultural land, the economic damages to the agricultural sector were
about £19M (Chatterton et al., 2016). These are equivalent to the losses due to drought management in irri-
gated agriculture for England and Wales with a 13% (0–25% uncertainty envelope) exceedance probability
for the baseline (Figure 7).
We recognize that our estimates of restriction probabilities and economic losses due to regulatory drought
management are affected by two confounding assumptions. First, the G2G river ﬂow simulations are for nat-
ural river ﬂow conditions. This does not allow identiﬁcation of already stressed catchments due to human
water abstractions, which could potentially underestimate the economic losses on irrigated agriculture
due to lower magnitudes of drought intensity and frequency (Wada et al., 2013). However, the distribution
of catchments with baseline probabilities of 30‐day‐long restrictions of >10%within Figure 4 matches almost
exactly the distribution of areas of “serious” water stress within Environment Agency (2007). Second, while
we have consistently applied current river ﬂow thresholds available from drought management plans and a
realistic interpretation of “little or no rainfall forecast,” in reality the environmental regulator's staff will fol-
low a less rigid multivariate decision making process, using local environmental indicators such as water
quality (Mosley, 2015) and ecology, when deciding to implement water abstraction restrictions. Given the
recognition of severity for the consequences of restrictions, the environmental regulator has signiﬁcantly
changed its relationship with the agricultural community with a stronger proactive intent to avoid manda-
tory abstraction restrictions (Rey et al., 2017).
The sensitivity of different crops to drought and the timing and severity of restrictions with respect to the
crop growth cycle determines the yield and quality reductions caused by a lack of water. Consequently,
the probability of economic damages are projected to increase in the future with climate change, due to
warmer, drier summers and an increased probability of extreme events. Uncertainty in projections of
future climate change arises from multiple sources—in particular, internal climate variability, climate
model uncertainty, and emissions uncertainty. Our study has used the future meteorological data of
Guillod et al. (2018) who used a single global climate model‐regional climate model (with sampling from
the CMIP5 uncertainty range in sea surface temperature and sea ice extent) and “worst‐case” RCP
(RCP8.5). However, Kirtman et al. (2013) demonstrate that the uncertainty due to emissions for the near
future is minimal, given the limited divergence in global greenhouse gas emissions associated with each
RCP and ocean‐atmosphere system lags. Emissions uncertainty continues to explains less than 10% of
the total variance in summer (June, July, and August) precipitation in the far future period in the
British Isles (Hawkins & Sutton, 2011) and less than 50% of the total variance in mean surface air
temperature (Hawkins & Sutton, 2009). However, climate model uncertainty tend to become the domi-
nant cause of variance in climate projections for the British Isles toward the far future (Hawkins &
Sutton, 2009, 2011).
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In England and Wales the future highest risks of total economic losses are projected to be in highly irrigated
catchments with high‐value crops, mostly located in the drier south and east of England within the Anglian,
Severn, Thames, and Humber RBDs, which will also be increasingly exposed to more frequent, longer dura-
tion, and more severe restrictions. This importance of geographical differentiation in water availability
and/or cropping in inﬂuencing the economic impacts of droughts has been found elsewhere, such as in
Mediterranean river basins (Musolino et al., 2017). We have assumed that there is no feedback between
reduced yields and increased prices due to the common usage of ﬁxed‐price forward contracts and the
diverse supply chains of food retailers in the United Kingdom, but such price feedbacks during drought
can lead to reductions in economic losses or even winning situations in other regions, such as in Southern
Europe (Musolino et al., 2018).
We acknowledge that our estimation of the economic losses associated with future water abstraction restric-
tions is sensitive to the future spatial extent and spatial distribution of each of the irrigated crop types, espe-
cially of soft fruit due to its high economic value, which we assume to be constant. The future spatial
distribution of agricultural land use and crop selection is uncertain due to the sensitivity of agricultural deci-
sion making to future uncertain socioeconomic conditions, including costs, prices, subsidies, imports, and
regulation (Holman et al., 2017). In addition, it has been found that soil suitability restrictions and water
resource availability for new abstraction licenses under climate change can constrain future opportunities
for expansion and/ormigration of irrigated cropping (Daccache et al., 2012). While future autonomous adap-
tation by farmers is inevitable, modeling tools do not currently enable conﬁdent projections of spatial change
for speciﬁc high‐value (and sometime niche) crops (Holman et al., 2018).
4.3. Implications for Future Drought Management
Under current climate variability, the risk of economic damages in irrigated agriculture from regulatory
drought management restrictions is relatively small in comparison to those arising from public water supply
restrictions, although larger than ﬂood damages to agriculture. Nevertheless, agricultural economic losses
are locally and regionally important, will magnify through the supply chain (Rey et al., 2017; Street et al.,
2016), and will increase in probability in the future. These characteristics highlight the importance of con-
sidering agriculture as a spatially heterogeneous industry with highly variable spatiotemporal sensitivity
to drought and the need for improved hydrometeorological and crop‐based risk assessments to guide envir-
onmental regulators' decisions when implementing water abstraction restrictions under drought. According
to our results, water restrictions are projected to be more frequent, longer, and more severe in the future and
become more widespread across England and Wales. This is consistent with previous studies assessing cli-
mate change impacts on water availability for irrigation in England, looking at both license use and abstrac-
tion restrictions (Rio et al., 2018). Adaptive responses in drought management to reduce the impacts will
require the integration of changes to top‐down regulatory approaches with bottom‐up farmer and agricul-
tural sector decisions (Girard et al., 2015; Holman & Trawick, 2011).
Decision makers need to understand how climate change may interfere with their plans and compromise
their objectives, so they can adapt existing policies and develop new strategies (Weaver et al., 2017). From
the regulatory side, changes in water abstraction management as an adaptation measure to climate change
are being implemented in many areas around the world, such as in the U.S. Fourth National Climate
Assessment (Wuebbles et al., 2017), the Climate Change Research Plan for California (CalEPA, 2015), and
National Adaptation Plans by developing countries such as Brazil (Ministry of Environment, 2016). In the
United Kingdom, the government is designing a new water abstraction licensing system (Department for
Environment, Food and Rural Affairs, 2016) to improve environmental protection and increase water access.
Irrigators may beneﬁt from increased resilience to water shortages due to the planned introduction of more
ﬂexible water trading (Rey et al., 2018), consent to abstract surface water at any time of the year during high
ﬂows to ﬁll up on‐farm reservoirs (Department for Environment, Food and Rural Affairs, 2016), and the
possible reallocation of unused licensed water.
However, this reformmight also enforce more restrictive low ﬂow conditions during drought than those pre-
sented here, in which river ﬂow triggers are based on a historical monthly varying threshold of the low river
ﬂow conditions from a baseline period. As highlighted in previous studies (Kay et al., 2018), reductions in
river ﬂows are expected in the future. In contrast to this conventional variable threshold approach in which
the thresholds do not adjust to the hydrological consequences of a changing climate, Wanders et al. (2015)
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applied a nonstationary transient variable threshold in which the threshold is based on the river ﬂow of the
previous 30 years. As the transient threshold adjusts to the changes in hydrological regime over time,
Wanders et al. (2015) found that both drought duration and water deﬁcit volume increased over the 21st
century in only 27% of the global area, compared to 62% when using the conventional variable. While the
use of such a transient approach in drought management will beneﬁt water users such as agriculture, by
reducing the likelihood of abstraction restrictions, it is uncertain whether ecosystems will be able to adapt
to the new river ﬂow regimes (van Tiel et al., 2018).
Given the projected increasing risk of economic losses due to surface water abstraction restrictions, farm‐
level behavioral, infrastructural, and technological changes are likely to continue to occur within the sector
(Freire‐González et al., 2017). These will include investments to secure water supply (e.g., on‐farm reservoir
construction, multiple abstraction sources, rainwater harvesting), changes to more drought‐tolerant or less
water‐intensive crop varieties; soil management practices to increase water retention (Rey et al., 2017), water
recycling, and the use of soil moisture monitoring and decision support tools for improved irrigation
scheduling (Gadanakis et al., 2015). Yet, while the relatively low marginal cost of water in irrigation techni-
ques, such as precision irrigation, does not currently encourage farmers to apply them in humid climate
regions, beneﬁts such as reduced variability in crop quality and reduced environmental impact may increas-
ingly convince growers of the associated beneﬁts (Daccache et al., 2015). Although drought impacts are gen-
erally seen to be negative, farmers who are well adapted and proactive in drought risk management can gain
considerable economic beneﬁts from such events (Musolino et al., 2018).
In the future, environmental regulators, the agricultural sector and other water users will need to work
together to reduce or mitigate the increased risk of economic losses due to drought (or low ﬂow) conditions
that may threaten the viability of irrigated agricultural businesses. Governmental actors will need to effec-
tively communicate with water users in order to enhance coordination and drought response (Urquijo &
De Stefano, 2016). The challenge of balancing the multiple competing demands for water (including the
environment) within a changing climate, while supporting food security and rural livelihoods, will require
a multiscale adaptive drought management framework (Holman & Trawick, 2011) that brings together reg-
ulators, collective action, and farmers' response (Rey et al., 2017), reconciles their competing demands (Knox
et al., 2018), and learns from international drought management experiences (e.g., Iglesias et al., 2018).
5. Conclusions
This study applies a novel transferable probabilistic risk‐based approach to assess the economic losses in irri-
gated agriculture from drought at catchment to national scale, implementing surface water abstraction
restrictions and using dynamically downscaled climate ensembles to derive river ﬂow conditions. The regu-
latory drought management is set up with the use of rainfall and river ﬂow triggers to decide when restric-
tions are imposed, changed, or removed at the catchment level for current and future climate scenarios.
Assuming a series of stationary drought management rules, the study shows for England and Wales that
water abstraction restrictions are projected to last longer, become more severe, and more frequent in the
future and emphasizes the role of regulatory drought management on determining the economic impacts
on the irrigated agriculture sector. As well as hydroclimatic variability and drought management, the distri-
bution of crops and their sensitivity to water scarce conditions shape the economic impacts on irrigated agri-
culture. The highest economic risks occur for the most drought‐sensitive crops, which have a high ﬁnancial
value and are concentrated in catchments with increasingly uncertain water availability. This situation high-
lights the need for hydrometeorological and spatially explicit crop‐based risk assessments to guide environ-
mental regulators' decisions to implement water abstraction restrictions across contrasting catchments. Our
novel risk‐based approach for estimating the current and future economic losses due to regulatory drought
management of surface water can contribute to more informed decisions to collaboratively manage scarce
water resources and balance environmental and economic considerations.
References
Bell, V. A., Kay, A. L., Davies, H. N., & Jones, R. G. (2016). An assessment of the possible impacts of climate change on snow and peak river
ﬂows across Britain. Climatic Change, 136(3–4), 539–553. https://doi.org/10.1007/s10584‐016‐1637‐x
Bell, V. A., Kay, A. L., Jones, R. G., Moore, R. J., & Reynard, N. S. (2009). Use of soil data in a grid‐based hydrological model to estimate
spatial variation in changing ﬂood risk across the UK. Journal of Hydrology, 377(3–4), 335–350. https://doi.org/10.1016/j.
jhydrol.2009.08.031
10.1029/2018EF001092Earth's Future
SALMORAL ET AL. 193
Acknowledgments
This research forms part of the Natural
Environment Research Council
(NERC) program on Droughts and
Water Scarcity, funded through the
Historic Droughts (NE/L010070/1) and
MaRIUS (NE/L010186/1 and
NE/L010208/1) research projects. The
authors acknowledge access to the
MaRIUS weather@home2 event sets
(NE/L010364/1, NE/L010208/1,
NE/L010399/1, and NE/L010186/1),
which are available on the Centre for
Environmental Data Analysis (CEDA)
platform (see https://doi.org/10.5285/
0cea8d7aca57427fae92241348ae9b03).
The Grid‐to‐Grid model estimates of
daily mean river ﬂow for gauged
catchments in Great Britain driven by
the weather@home2 (climate model)
driving data (MaRIUS‐G2G‐WAH2‐
daily) are available at the CEH website
(https://doi.org/10.5285/f6cac471‐
7d92‐4e6d‐be8a‐9f7887143058). All
additional data supporting this study
are openly available at the website
(https://doi.org/10.17862/cranﬁeld.
rd.7613192). Wewould like to thank the
editor and two anonymous reviewers
for the comments they provided to
improve the quality of this paper.
Bell, V. A., Kay, A. L., Rudd, A. C., & Davies, H. N. (2018). The MaRIUS‐G2G datasets: Grid‐to‐Grid model estimates of ﬂow and soil
moisture for Great Britain using observed and climate model driving data. Geoscience Data Journal, 5, 63–72. https://doi.org/10.1002/
gdj3.55
Bell, V. A., Rudd, A. C., Kay, A. L., & Davies, H. N. (2018). Grid‐to‐Grid model estimates of daily mean river ﬂow for gauged catchments in
Great Britain: Weather@home2 (climate model) driving data [MaRIUS‐G2G‐WAH2‐daily]. NERC Environmental Information Data
Centre. https://doi.org/10.5285/f6cac471‐7d92‐4e6d‐be8a‐9f7887143058
Borgomeo, E., Mortazavi‐Naeini, M., Hall, J. W., & Guillod, B. P. (2018). Risk, robustness and water resources planning under uncertainty.
Earth's Future, 6(3), 468–487. https://doi.org/10.1002/2017EF000730
CalEPA. (2015). Climate change research plan for California. California Environmental Protection Agency.
Chatterton, J., Clarke, C., Daly, E., Dawks, S., Elding, C., Fenn, T., et al. (2016). The costs and impacts of the winter 2013 to 2014 ﬂoods.
Non‐technical report ‐ SC140025/R2.
Committee on Climate Change. (2016). UK climate change risk assessment 2017. Synthesis Report, 1–86. Retrieved from https://www.
theccc.org.uk/wp‐content/uploads/2016/07/UK‐CCRA‐2017‐Synthesis‐Report‐Committee‐on‐Climate‐Change.pdf
COPA‐COGECA. (2003). Assessment of the impact of the heat wave and drought of the summer 2003 on agriculture and forestry (15 pp.).
Retrieved from http://docs.gip‐ecofor.org/libre/COPA_COGECA_2004.pdf
Daccache, A., Keay, C., Jones, R. J. A., Weatherhead, E. K., Stalham, M. A., & Knox, J. W. (2012). Climate change and land suitability for
potato production in England and Wales: Impacts and adaptation. Journal of Agricultural Science, 150(2), 161–177. https://doi.org/
10.1017/S0021859611000839
Daccache, A., Knox, J. W., Weatherhead, E. K., Daneshkhah, A., & Hess, T. M. (2015). Implementing precision irrigation in a humid cli-
mate—Recent experiences and on‐going challenges. Agricultural Water Management, 147, 135–143. https://doi.org/10.1016/j.
agwat.2014.05.018
Dai, A. (2011). Drought under global warming: A review. Wiley Interdisciplinary Reviews: Climate Change, 2(1), 45–65. https://doi.org/
10.1002/wcc.81
Dai, A., & Zhao, T. (2017). Uncertainties in historical changes and future projections of drought. Part I: Estimates of historical drought
changes. Climatic Change, 144(3), 519–533. https://doi.org/10.1007/s10584‐016‐1705‐2
Daryanto, S., Wang, L., & Jacinthe, P. A. (2016). Drought effects on root and tuber production: A meta‐analysis. Agricultural Water
Management, 176, 122–131. https://doi.org/10.1016/j.agwat.2016.05.019
Daryanto, S., Wang, L., & Jacinthe, P. A. (2017). Global synthesis of drought effects on cereal, legume, tuber and root crops production: A
review. Agricultural Water Management, 179, 18–33. https://doi.org/10.1016/j.agwat.2016.04.022
Dawson, R. J., Thompson, D., Johns, D., Wood, R., Darch, G., Chapman, L., et al. (2018). A systems framework for national assessment of
climate risks to infrastructure. Philosophical Transactions of the Royal Society A: Mathematical, Physical and Engineering Sciences,
376(2121), 20170298. https://doi.org/10.1098/rsta.2017.0298
De Perez, E. C., Monasso, F., van Aalst, M., & Suarez, P. (2014). Science to prevent disasters.Nature Geoscience, 7(2), 78–79. https://doi.org/
10.1038/ngeo2081
Department for Environment, Food and Rural Affairs. (2016). Water abstraction management reform in England—What would reform
mean for abstractors? Department for Environment, Food and Rural Affairs, (January).
ECI, HRW, Climate Resilience Ltd, & Forest Research. (2013). Assessing preparedness of England's natural resources for a changing cli-
mate: Exploring trends in vulnerability to climate change using indicators. Final Report for the Adaptation Sub‐Committee.
Environment Agency. (2007). Areas of water stress: Final classiﬁcation. Environment Agency report number GEHO1207BNOC‐E‐E.
Environment Agency. (2012a). Anglian drought plan. Retrieved from https://www.gov.uk/government/publications/drought‐plan‐
anglian‐region
Environment Agency. (2012b). Head Ofﬁce drought plan. Retrieved from https://assets.publishing.service.gov.uk/government/uploads/
system/uploads/attachment_data/ﬁle/297211/geho0112bway‐e‐e.pdf
Environment Agency. (2012c). Midlands drought plan. Retrieved from https://www.gov.uk/government/publications/drought‐midlands‐
plan
Environment Agency. (2012d). South East Region drought plan. Technical appendices for Environment Agency south east drought plan.
Environment Agency. (2012e). South East Region drought plan. Retrieved from https://www.gov.uk/government/publications/environ-
ment‐agency‐south‐east‐drought‐plan
Environment Agency. (2012f). Yorkshire and North East Region drought plan. Retrieved from https://www.gov.uk/government/publica-
tions/drought‐plan‐yorkshire‐and‐north‐east‐region
Environment Agency. (2015). Drought response: Our framework for England. Retrieved from https://www.gov.uk/government/publica-
tions/drought‐management‐for‐england
Freire‐González, J., Decker, C. A., & Hall, J. W. (2017). A scenario‐based framework for assessing the economic impacts of potential
droughts. Water Economics and Policy, 3(04), 1750007. https://doi.org/10.1142/S2382624X17500072
Gadanakis, Y., Bennett, R., Park, J., & Areal, F. J. (2015). Improving productivity and water use efﬁciency: A case study of farms in England.
Agricultural Water Management, 160, 22–32. https://doi.org/10.1016/j.agwat.2015.06.020
Gil, M., Garrido, A., & Gómez‐Ramos, A. (2011). Economic analysis of drought risk: An application for irrigated agriculture in Spain.
Agricultural Water Management, 98(5), 823–833. https://doi.org/10.1016/j.agwat.2010.12.008
Gil, M., Garrido, A., & Hernández‐Mora, N. (2013). Direct and indirect economic impacts of drought in the agri‐food sector in the
Ebro River basin (Spain). Natural Hazards and Earth System Sciences, 13(10), 2679–2694. https://doi.org/10.5194/nhess‐13‐
2679‐2013
Girard, C., Pulido‐Velazquez, M., Rinaudo, J. D., Pagé, C., & Caballero, Y. (2015). Integrating top‐down and bottom‐up approaches to
design global change adaptation at the river basin scale. Global Environmental Change, 34, 132–146. https://doi.org/10.1016/j.
gloenvcha.2015.07.002
Guillod, B. P., Jones, R. G., Bowery, A., Haustein, K., Massey, N. R., Mitchell, D. M., et al. (2017). Weather@home 2: Validation of an
improved global‐regional climate modelling system. Geoscientiﬁc Model Development, 10(5), 1849–1872. https://doi.org/10.5194/gmd‐
10‐1849‐2017
Guillod, B. P., Jones, R. G., Dadson, S. J., Coxon, G., Bussi, G., Freer, J., et al. (2018). A large set of potential past, present and future
hydro‐meteorological time series for the UK. Hydrology and Earth System Sciences, 22, 1–39. https://doi.org/10.5194/
hess‐2017‐246
Hawkins, E., & Sutton, R. (2009). The potential to narrow uncertainty in regional climate predictions. Bulletin of the American
Meteorological Society, 90(8), 1095–1107. https://doi.org/10.1175/2009BAMS2607.1
10.1029/2018EF001092Earth's Future
SALMORAL ET AL. 194
Hawkins, E., & Sutton, R. (2011). The potential to narrow uncertainty in projections of regional precipitation change. Climate Dynamics,
37(1), 407–418. https://doi.org/10.1007/s00382‐010‐0810‐6
Holden, S., & Shiferaw, B. (2004). Land degradation, drought and food security in a less‐favoured area in the Ethiopian highlands:
A bio‐economic model with market imperfections. Agricultural Economics, 30(1), 31–49. https://doi.org/10.1016/j.agecon.
2002.09.001
Holman, I. P., Brown, C., Carter, T. R., Harrison, P. A., & Rounsevell, M. (2018). Improving the representation of adaptation in climate
change impact models. Regional Environmental Change, 1–11. https://doi.org/10.1007/s10113‐018‐1328‐4
Holman, I. P., Brown, C., Janes, V., & Sandars, D. (2017). Can we be certain about future land use change in Europe? A multi‐scenario,
integrated‐assessment analysis. Agricultural Systems, 151, 126–135. https://doi.org/10.1016/j.agsy.2016.12.001
Holman, I. P., & Trawick, P. (2011). Developing adaptive capacity within groundwater abstraction management systems. Journal of
Environmental Management, 92(6), 1542–1549. https://doi.org/10.1016/j.jenvman.2011.01.008
Howitt, R., Medellín‐azuara, J., & Macewan, D. (2014). Economic analysis of the 2014 drought for California agriculture. Center for
watershed sciences. University of California, Davis, California (20 p.). Retrieved from http://watershed.ucdavis.edu
HR Wallingford. (2015). Updated projections for water availability for the UK. Retrieved from https://documents.theccc.org.uk/wp‐con-
tent/uploads/2015/09/CCRA‐2‐Updated‐projections‐of‐water‐availability‐for‐the‐UK.pdf
Huntingford, C., Marsh, T., Scaife, A. A., Kendon, E. J., Hannaford, J., Kay, A. L., et al. (2014). Potential inﬂuences on the United Kingdom's
ﬂoods of winter 2013/14. Nature Climate Change, 4(9), 769–777. https://doi.org/10.1038/nclimate2314
Iglesias, A., Assimacopoulos, D., & van Lanen, H. A. J. (Eds.) (2018). Drought: Science and policy (1st ed.). Chichester, West Sussex: Wiley
Blackwell.
Kay, A. L., Bell, V. A., Guillod, B. P., Jones, R. G., & Rudd, A. C. (2018). National‐scale analysis of low ﬂow frequency: Historical trends and
potential future changes. Climatic Change, 1–15. https://doi.org/10.1007/s10584‐018‐2145‐y
Keay, C. A., Jones, R. J. A., Procter, C., Chapman, V., Barrie, I. A., Nias, I., et al. (2013). SP1104: The impact of climate change on the
capability of land for agriculture as deﬁned by the Agricultural Land Classiﬁcation. Final Report for DEFRA Project SP1104, 138.
Retrieved from http://randd.defra.gov.uk/Document.aspx?Document=13364_SP1104Finalreport.pdf
Kirby, M., Bark, R., Connor, J., Qureshi, M. E., & Keyworth, S. (2014). Sustainable irrigation: How did irrigated agriculture in Australia's
Murray‐Darling Basin adapt in the Millennium Drought? Agricultural Water Management, 145, 154–162. https://doi.org/10.1016/j.
agwat.2014.02.013
Kirtman, B., Power, S. B., Adedoyin, J. A., Boer, G. J., Bojariu, R., Camilloni, I., et al. (2013). Near‐term climate change: Projections and
predictability. In T. F. Stocker, D. Qin, G.‐K. Plattner, M. Tignor, S. K. Allen, J. Boschung, et al. (Eds.), Climate change 2013: The physical
science basis. Contribution of Working Group I to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change
(pp. 953–1028). Cambridge, UK and New York: Cambridge University Press.
Knox, J. W., Haro‐Monteagudo, D., Hess, T. M., & Morris, J. (2018). Identifying trade‐offs and reconciling competing demands
for water—Integrating agriculture into a robust decision‐making framework. Earth's Future. https://doi.org/10.1111/
ppa.12289
Knox, J. W., Morris, J., Weatherhead, E. K., & Turner, A. P. (2000). Mapping the ﬁnancial beneﬁts of sprinkler irrigation and potential
ﬁnancial impact of restrictions on abstraction: A case‐study in Anglian Region. Journal of Environmental Management, 58(1), 45–59.
https://doi.org/10.1006/jema.1999.0307
Kresović, B., Tapanarova, A., Tomić, Z., Životić, L., Vujović, D., Sredojević, Z., & Gajić, B. (2016). Grain yield and water use efﬁciency of
maize as inﬂuenced by different irrigation regimes through sprinkler irrigation under temperate climate. Agricultural Water
Management, 169, 34–43. https://doi.org/10.1016/j.agwat.2016.01.023
Legislative Analyst's Ofﬁce. (2016). The 2016‐17 budget: The state's drought response.
Lehner, F., Coats, S., Stocker, T. F., Pendergrass, A. G., Sanderson, B. M., Raible, C. C., & Smerdon, J. E. (2017). Projected drought risk in
1.5 °C and 2 °C warmer climates. Geophysical Research Letters, 44, 7419–7428. https://doi.org/10.1002/2017GL074117
Logar, I., & van den Bergh, J. C. J. M. (2013). Methods to assess costs of drought damages and policies for drought mitigation and
adaptation: Review and recommendations. Water Resources Management, 27(6), 1707–1720. https://doi.org/10.1007/s11269‐012‐
0119‐9
Lopez‐Nicolas, A., Pulido‐Velazquez, M., & Macian‐Sorribes, H. (2017). Economic risk assessment of drought impacts on irrigated agri-
culture. Journal of Hydrology, 550, 580–589. https://doi.org/10.1016/j.jhydrol.2017.05.004
Luker, E., & Rodina, L. (2017). The future of drought management for Cape Town: Summary for policy makers.
Maneta, M. P., Torres, M. O., Wallender, W. W., Vosti, S., Howitt, R., Rodrigues, L., et al. (2009). A spatially distributed hydroeconomic
model to assess the effects of drought on land use, farm proﬁts, and agricultural employment. Water Resources Research, 45, W11412.
https://doi.org/10.1029/2008WR007534
Martínez‐Paz, J. M., Perni, A., Ruiz, P., & Pellicer, F. (2016). Valoración económica de los fallos de suministro en los regadíos de la cuenca
del Segura. Revista Española de Estudios Agrosociales y Pesqueros, 244, 35–67.
Massey, N., Jones, R., Otto, F. E. L., Aina, T., Wilson, S., Murphy, J. M., et al. (2015). Weather@Home‐Development and Validation of a
Very Large Ensemble Modelling System for Probabilistic Event Attribution. Quarterly Journal of the Royal Meteorological Society,
141(690), 1528–1545. https://doi.org/10.1002/qj.2455
Mendelsohn, R., & Dinar, A. (2009). Climate change and agriculture: An economic analysis of global impacts, adaptation and distributional
effects. Cheltenham, UK; Northampton, MA: Edward Elgar.
Ministry of Environment (2016). National adaptation plan to climate change. General strategy (Vol. 1). Brasil: Ministry of Environment.
Morris, J., Ahodo, K., Weatherhead, E. K., Daccache, A., Patel, A., & Knox, J. W. (2014). Economics of rainfed and irrigated potato pro-
duction in a humid environment. In D. Bournaris, T. Berbel, J. Manos, & B. Viaggi (Eds.), Economics of water management in agriculture
(pp. 71–97). Boca Raton, FL: CRC Press.
Morris, J., Weatherhead, E. K., Mills, J., Dunderdale, J. A. L., Hess, T., Gowing, D. J. G., et al. (1997). Spray irrigation cost beneﬁt study.
Final Report. Cranﬁeld University.
Mosley, L. M. (2015). Drought impacts on the water quality of freshwater systems; Review and integration. Earth‐Science Reviews, 140,
203–214. https://doi.org/10.1016/j.earscirev.2014.11.010
Musolino, D., De Carli, A., &Massarutto, A. (2017). Evaluation of the socioeconomic impacts of the drought events: The case of the Po river
basin. European Countryside, (1), 163–176. https://doi.org/10.1515/euco‐2017‐0010
Musolino, D. A., Massarutto, A., & de Carli, A. (2018). Does drought always cause economic losses in agriculture? An empirical investi-
gation on the distributive effects of drought events in some areas of Southern Europe. Science of the Total Environment, 633, 1560–1570.
https://doi.org/10.1016/j.scitotenv.2018.02.308
10.1029/2018EF001092Earth's Future
SALMORAL ET AL. 195
Parliament of the United Kingdom (1991). Water Resources Act 1991. Retrieved from https://www.legislation.gov.uk/ukpga/1991/57/
contents
Pérez y Pérez, L., & Barreiro‐Hurle, J. (2009). Assessing the socio‐economic impacts of drought in the Ebro River Basin. Spanish Journal of
Agricultural Research, 7(2), 269–280. https://doi.org/10.5424/418
Popova, Z., Ivanova, M., Martins, D., Pereira, L. S., Doneva, K., Alexandrov, V., & Kercheva, M. (2014). Vulnerability of Bulgarian agri-
culture to drought and climate variability with focus on rainfed maize systems. Natural Hazards, 74(2), 865–886. https://doi.org/
10.1007/s11069‐014‐1215‐3
Potopová, V., Boroneanţ, C., Boincean, B., & Soukup, J. (2016). Impact of agricultural drought on main crop yields in the Republic of
Moldova. International Journal of Climatology, 36(4), 2063–2082. https://doi.org/10.1002/joc.4481
Rey, D., Holman, I. P., Daccache, A., Morris, J., Weatherhead, E. K., & Knox, J. W. (2016). Agricultural water management modelling and
mapping the economic value of supplemental irrigation in a humid climate. Agricultural Water Management, 173(May), 13–22. https://
doi.org/10.1016/j.agwat.2016.04.017
Rey, D., Holman, I. P., & Knox, J. W. (2017). Developing drought resilience in irrigated agriculture in the face of increasing water scarcity.
Regional Environmental Change, 17(5), 1527–1540. https://doi.org/10.1007/s10113‐017‐1116‐6
Rey, D., Pérez‐Blanco, C. D., Escriva‐Bou, A., Girard, C., & Veldkamp, T. I. E. (2018). Role of economic instruments in water allocation
reform: Lessons from Europe. International Journal of Water Resources Development, 0627, 1–34. https://doi.org/10.1080/
07900627.2017.1422702
Rio, M., Rey, D., Prudhomme, C., & Holman, I. P. (2018). Evaluation of changing surface water abstraction reliability for supplemental
irrigation under climate change. Agricultural Water Management, 206(May), 200–208. https://doi.org/10.1016/j.agwat.2018.05.005
Rowan, T. S. C., Maier, H. R., Connor, J., & Dandy, G. C. (2011). An integrated dynamic modeling framework for investigating the impact of
climate change and variability on irrigated agriculture. Water Resources Research, 47, W07520. https://doi.org/10.1029/2010WR010195
Rudd, A. C., Bell, V. A., & Kay, A. L. (2017). National‐scale analysis of simulated hydrological droughts (1891–2015). Journal of Hydrology,
550, 368–385. https://doi.org/10.1016/j.jhydrol.2017.05.018
Spinoni, J., Vogt, J. V., Naumann, G., Barbosa, P., & Dosio, A. (2017). Will drought events become more frequent and severe in Europe?
International Journal of Climatology. https://doi.org/10.1002/joc.5291
Street, R., Boyd, E., Crawford‐Brown, D., Evens, J., Kitchen, J., Hunt, A., et al. (2016). Chapter 8: Cross‐cutting issues. UK Climate Change
Risk Assessment Evidence Report.
Sweet, S. K., Wolfe, D. W., DeGaetano, A., & Benner, R. (2017). Anatomy of the 2016 drought in the Northeastern United States:
Implications for agriculture and water resources in humid climates. Agricultural and Forest Meteorology, 247(June), 571–581. https://doi.
org/10.1016/j.agrformet.2017.08.024
Thames Water. (2015). Thames Water water resources management plan 2015–2040.
Thi Tran, L., Stoeckl, N., Esparon, M., & Jarvis, D. (2016). If climate change means more intense and more frequent drought, what will that
mean for agricultural production? A case study in Northern Australia. Australasian Journal of Environmental Management, 23(3),
281–297. https://doi.org/10.1080/14486563.2016.1152202
Thorne, C. (2014). Geographies of UK ﬂooding in 2013/4. Geographical Journal, 180(4), 297–309. https://doi.org/10.1111/geoj.12122
van Tiel, M., Teuling, A. J., Wanders, N., Vis, M. J. P., Stahl, K., & van Loon, A. F. (2018). The role of glacier changes and threshold deﬁ-
nition in the characterisation of future streamﬂow droughts in glacierised catchments. Hydrology and Earth System Sciences, 22(1),
463–485. https://doi.org/10.5194/hess‐22‐463‐2018
Tijdeman, E., Hannaford, J., & Stahl, K. (2018). Human inﬂuences on streamﬂow drought characteristics in England andWales.Hydrology
and Earth System Sciences, 22, 1051–1064. https://doi.org/10.5194/hess‐22‐1051‐2018
Torres, M. d. O., Howitt, R., & Rodrigues, L. N. (2016). Modeling the economic beneﬁts and distributional impacts of supplemental irri-
gation. Water Resources and Economics, 14, 1–12. https://doi.org/10.1016/j.wre.2016.03.001
Trnka, M., Olesen, J. E., Kersebaum, K. C., Rötter, R. P., Brázdil, R., Eitzinger, J., et al. (2016). Changing regional weather‐crop yield
relationships across Europe between 1901 and 2012. Climate Research, 70(2), 195–214. https://doi.org/10.3354/cr01426
United Nations Ofﬁce for Disaster Risk Reduction. (2015). Making development sustainable: The future of disaster risk management.
Global Assessment Report on Disas‐ ter Risk Reduction. Geneva, Switzerland: United Nations Ofﬁce for Disaster Risk Reduction
(UNISDR).
Urquijo, J., & De Stefano, L. (2016). Perception of drought and local responses by farmers: A perspective from the Jucar river Basin, Spain.
Water Resources Management, 30(2), 577–591. https://doi.org/10.1007/s11269‐015‐1178‐5
Wada, Y., van Beek, L. P. H., Wanders, N., & Bierkens, M. F. P. (2013). Human water consumption intensiﬁes hydrological drought
worldwide. Environmental Research Letters, 8(3). https://doi.org/10.1088/1748‐9326/8/3/034036
Wanders, N., Wada, Y., & van Lanen, H. A. J. (2015). Global hydrological droughts in the 21st century under a changing hydrological
regime. Earth System Dynamics, 6(1), 1–15. https://doi.org/10.5194/esd‐6‐1‐2015
Ward, F. A. (2014). Economic impacts on irrigated agriculture of water conservation programs in drought. Journal of Hydrology, 508,
114–127. https://doi.org/10.1016/j.jhydrol.2013.10.024
Ward, F. A., & Pulido‐Velazquez, M. (2012). Economic costs of sustaining water supplies: Findings from the Rio Grande.Water Resources
Management, 26(10), 2883–2909. https://doi.org/10.1007/s11269‐012‐0055‐8
Weaver, C. P., Moss, R. H., Ebi, K. L., Gleick, P. H., Stern, P. C., Tebaldi, C., et al. (2017). Corrigendum: ‘Reframing climate change
assessments around risk: Recommendations for the US National Climate Assessment’ (2017 Environ. Res. Lett. 12 080201).
Environmental Research Letters, 12(9), 099501. https://doi.org/10.1088/1748‐9326/aa846a
Wehner, M. F., Arnold, J. R., Knutson, T., Kunkel, K. E., & LeGrande, A. N. (2017). Droughts, ﬂoods, and wildﬁres. In D. J. Wuebbles, D. W.
Fahey, K. A. Hibbard, D. J. Dokken, B. C. Stewart, & T. K. Maycock (Eds.), Climate science special report: Fourth National Climate
Assessment (Vol. 1, pp. 231–256). Washington, DC: U.S. Global Change Research Program. https://doi.org/10.7930/J0CJ8BNN.U.S
Wuebbles, D. J., Fahey, D. W., Hibbard, K. A., DeAngelo, B., Doherty, S., Hayhoe, K., et al. (2017). Executive summary. In D. J. Wuebbles,
D. W. Fahey, K. A. Hibbard, D. J. Dokken, B. C. Stewart, & T. K. Maycock (Eds.), Forth National Climate Assessment (Vol. 1, pp. 10–34).
Washington, DC: U.S. Global Change Research Program. https://doi.org/10.7930/J0DJ5CTG
10.1029/2018EF001092Earth's Future
SALMORAL ET AL. 196
